Recently, communication systems that are both spectrum and energy efficient have attracted significant attention. Different from the existing research, we investigate the throughput and energy efficiency of a general class of multiple-input and multipleoutput systems with arbitrary inputs when they are subject to statistical quality-of-service (QoS) constraints, which are imposed as limits on the delay violation and buffer overflow probabilities. We employ the effective capacity as the performance metric, which is the maximum constant data arrival rate at a buffer that can be sustained by the channel service process under specified QoS constraints. We obtain the optimal input covariance matrix that maximizes the effective capacity under a short-term average power constraint. Following that, we perform an asymptotic analysis of the effective capacity in the low signal-to-noise ratio and large-scale antenna regimes. In the low signal-to-noise ratio regime analysis, in order to determine the minimum energy-per-bit and also the slope of the effective capacity versus energy-per-bit curve at the minimum energy-per-bit, we utilize the first and second derivatives of the effective capacity when the signal-to-noise ratio approaches zero. We observe that the minimum energy-per-bit is independent of the input distribution, whereas the slope depends on the input distribution. In the large-scale antenna analysis, we show that the effective capacity approaches the average transmission rate in the channel with the increasing number of transmit and/or receive antennas. Particularly, the gap between the effective capacity and the average transmission rate in the channel, which is caused by the QoS constraints, is minimized with the number of antennas. In addition, we put forward the nonasymptotic backlog and delay violation bounds by utilizing the effective capacity. Finally, we substantiate our analytical results through numerical illustrations.
I. INTRODUCTION
F OLLOWING the research of Foschini [1] and Telatar [2] , multiple-input and multiple-output (MIMO) transmission systems have been widely studied, and it was shown that employing multiple antennas at a transmitter and/or a receiver can remarkably enhance the system performance in terms of both reliability and spectral efficiency [3] . Herein, the informationtheoretic analysis of MIMO systems formed the basis to understand the system dynamics [4] - [14] . For instance, the ergodic capacity of MIMO systems was explored, and analytical characterizations of spatial fading correlations and their effect on the ergodic capacity were provided in [5] . Moreover, regarding the available information about the channel statistics at the transmitter, the optimal input covariance matrix that achieves the maximum ergodic capacity in a one-to-one MIMO system was investigated in [6] . Considering line-of-sight characterizations in a wireless medium, the structures of the capacity-achieving input covariance matrices were researched as well [12] - [14] .
The efficient use of energy is a fundamental requirement in communication networks because most of the portable communication devices are battery-driven and environmental concerns are to be carefully mediated. Thus, energy efficiency along with spectral efficiency is in the focus of attention in prospective transmission system designs. For example, the next generation wireless communication technology, commonly known as 5G, targets to support 10 to 100 times higher data transmission rate and to provide 10 times longer battery life than the preceding mobile technology [15] . In this regard, the ergodic capacity of MIMO systems were primarily studied in low-power regimes [16] - [19] . These studies revealed that when the objective capacity function is concave, the minimum energy required to transmit one bit of information, i.e., energy-per-bit, is obtained when the signal-to-noise ratio approaches zero [16] . Subsequently, a more comprehensive energy efficiency analysis was conducted considering any power regime [20] . Particularly, MIMO scenarios with Rayleigh fading channel models were investigated, and a fairly accurate closed-form approximation for the energy-perbit was obtained by engaging different power models. Similar investigations were conducted in distributed MIMO systems as well [21] .
Another approach that maximizes the spectral efficiency while minimizing the energy-per-bit is to increase the spatial dimension by increasing the number of transmit and/or receive antennas. It was shown that the spectral efficiency improves substantially with the increasing number of antennas while making the transmit power arbitrarily small [22] . On this 0018-9545 © 2017 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications standards/publications/rights/index.html for more information.
account, massive MIMO (or large-scale antenna [23] ) systems have evolved as a candidate technology for 5G wireless communications [24] , [25] , and they have been investigated from information-theoretic perspectives [26] - [32] . Particularly, energy and spectral efficiency in the uplink channels of multi-user massive MIMO systems were studied with different information processing techniques such as maximum-ratio combining, zero forcing, and minimum mean-square error (MMSE) estimation [29] . Likewise, power allocation policies were also studied and optimal input covariance matrices in multi-access channels with massive number of antennas at both transmitters and receivers, which maximize the sum transmission rate, were derived [32] . Quality-of-service (QoS) constraints, which generally emerge in the form of delay and/or data buffering limitations, are generally disregarded when the ergodic capacity is set as the only performance metric. However, the increasing demand for delaysensitive services, such as video streaming and online gaming over wireless networks, has brought up the need for a comprehensive investigation of delay-sensitive scenarios [33] . For wireless communications systems with such delay-sensitive services, the ergodic capacity solely is not a sufficient metric. On the contrary, QoS constraints in the data-link layer that are attributed to delay violation and buffer overflow probabilities should be invoked as performance measures as well. Relying on this motivation, cross-layer design goals were acquired as new research grounds. Initial cross-layer analysis was performed in wired networks, where the effective bandwidth (the minimum required service rate from a transmission node given a data arrival process at that node under desired QoS requirements) was introduced as a performance probing tool [34] , [35] . In effective bandwidth studies, stochastic nature of data arrival processes were taken into account while assuming service processes with constant transmission rates. However, in contrast to the deterministic nature of wired networks, wireless service links demonstrate generally a stochastic behavior, and the instantaneous transmission (service) rates may vary drastically. In this context, the effective capacity, which provides the maximum constant data arrival rate at a transmission node that is sustained by a given stochastic service process under defined QoS constraints, was proposed [36] . The effective capacity is the dual of the effective bandwidth. The concept of the effective capacity has gained a notable attention, and it has been investigated in several transmission scenarios, including MIMO systems [37] - [39] . Specifically, point-to-point MIMO scenarios were explored under QoS constraints by employing the effective capacity as the performance metric in the low and high signal-to-noise ratio regimes and the wide-band regime [37] . A comparable analysis was extended to cognitive MIMO systems, where the effects of channel uncertainty on the effective capacity performance of secondary users following channel sensing errors are studied [38] . Regarding the antenna beam-forming, optimal transmit strategies that maximize the effective capacity were derived in MIMO systems with doubly correlated channels and a covariance feedback [39] .
Because Gaussian input signaling in certain cases is optimal in the sense of maximizing the mutual information between the input and output in a transmission channel, it has been invoked in many research scenarios. Even though Gaussian input signaling is not practical, it is preferred by many researchers since it typically simplifies the analytical presentations. On the other hand, it is of importance to understand the effects of signaling choice on the the system performance, because the type of input signaling may critically affect the tradeoff between the data arrival process to a node and the data service process from that node [40] . A general look at wireless systems employing finite and discrete input signaling methods can be found in [41] - [48] . However, QoS constraints are generally not included in these studies. Particularly, the optimal precoding matrix in a point-to-point MIMO system, which maximizes the mutual information in the low and high signal-to-noise ratio regimes, was proposed [41] . With the same objective, channel diagonalization was applied in order to obtain the optimal channel precoder [43] , [45] , i.e., parallel and non-interfering Gaussian channels are formed to reach the optimal input covariance matrix. In another study [49] , the optimal power allocation policy that maximizes the mutual information, named as mercury/water-filling, was shown to be a generalization to the well-known water-filling algorithm. Multi-access systems were studied as well [47] , where linear precoding matrices are obtained in order to maximize the weighted sum rate. An extension of the same analysis was performed in scenarios in which transmitters have only statistical information about the wireless channels [48] . Asymptotic analyses in the large-scale antenna regimes were also provided. Here, the notion of mutual information was utilized as the performance metric, and the rudimentary relation between the mutual information and the MMSE, which was introduced in [50] , [51] , was exploited.
In this paper, we focus on a more general MIMO scenario in which input signaling is arbitrary and statistical QoS constraints. We investigate the system performance by employing the effective capacity. We provide a mathematical toolbox 1 that system designers can use in order to understand performance levels of spectrum and energy efficient systems under QoS constraints imposed as limits on the buffer overflow and delay violation probabilities, which are two of the main objectives in the 5G technology [15] . More specifically, we can list our contributions as follows:
1) Assuming that the instantaneous channel fading gain estimate is available at both the transmitter and the receiver, we have identified the optimal input covariance matrix that maximizes the effective capacity under a short-term average power constraint over the transmit antennas. 2) We obtain the first and second derivatives of the effective capacity when the signal-to-noise ratio goes to zero. Using these derivatives, we obtain a linear approximation of the effective capacity in the low signal-to-noise ratio regime. We show that this approximation does not depend on the input distribution and covariance matrix. 3) We further show that the minimum energy-per-bit is obtained when the signal-to-noise ratio goes to zero and that it is independent of the QoS constraints, the input distribution, and the covariance matrix. 
4)
In the large-scale antenna regime, we prove that the effective capacity approaches the average mutual information in the channel, i.e., the dependence of the effective capacity performance on the QoS constraints decreases with the increasing number of antennas. 5) Under the stability condition of the data queue, we analyze the non-asymptotic backlog and delay violation bounds by utilizing the effective capacity. We can apply the analysis provided in the paper in different practical scenarios that necessitate low latency, low power consumption or ability to simultaneously support massive number of users. Here, we refer to the vehicular-based communication scenarios defined by the well-known European project 'Mobile and wireless communications Enablers for the Twenty-twenty Information Society (METIS)' [15] , [56] . For instance, we can perform our analysis in scenarios such as 'Best experience follows you' [15] and 'Traffic Jam' and 'Traffic Efficiency and Safety' [56] .
The rest of the paper is organized as follows: We describe the MIMO system in Section II. Then, we discuss the instantaneous mutual information between the channel input and output, and then introduce the effective rate and capacity expressions in Section III. We provide the optimal input covariance matrix. We perform asymptotic analyses in the low signal-to-noise ratio regime in Section IV-A and in the large-scale antenna regime in Section IV-B. We investigate non-asymptotic backlog and delay bounds in Section V. We present the numerical results in Section VI and the conclusion in Section VII. We relegate the proofs to the Appendix.
II. CHANNEL MODEL
As shown in Fig. 1 , we consider a point-to-point MIMO transmission system in which one transmitter and one receiver are equipped with M and N antennas, respectively. The data generated by a source (or sources) initially arrives at the transmitter buffer with rate a(t) bits/channel use 2 for t ∈ {1, 2, · · · } and is stored in the buffer. Following the encoding and modulation processes, the transmitter sends the data to the receiver over the wireless channel packet by packet in frames (blocks) of T channel uses. During the transmission of the data, the input-output relation in the flat-fading channel at time instant t is expressed 2 Each channel use duration can be considered equal to the sampling duration of one symbol, i.e., bits/sec/Hz. as follows:
where x t and y t are the M -dimensional input and Ndimensional output vectors, respectively, and w t represents the N -dimensional additive noise vector with independent and identically distributed elements. Each element of w t is circularly symmetric, complex Gaussian distributed with zero-mean and variance σ 2 w . Hence, we have E{w t w † t } = σ 2 w I N ×N , where E{·} denotes the expected value, {·} † is the transpose operator and I N ×N is the N × N identity matrix. Furthermore,
is the channel fading coefficient with an arbitrary distribution between the m th transmit antenna and the n th receive antenna. Here, we consider a general channel model and assume that the distributions of {h nm (t)} can be either statistically identical or non identical or semi identical. 3 We further assume that the channel matrix remains constant during one transmission frame (T channel uses) and changes independently from one frame to another. We also consider a short-term power constraint, i.e., P indicates the power allocated for the transmission of the data in one channel use. Then, we have tr{E{x t x † t }} = tr{K t } ≤ 1, where tr{·} is the trace operator and K t is a positive semi-definite Hermitian matrix.
We assume that the instantaneous channel realizations are available at both the transmitter and the receiver, and that the channel fading coefficients are correlated with each other. We invoke the Kronecker product model, which is widely used in modeling real channels because of its analytical tractability with a reasonable accuracy [58, Ch. 2], [59] . Hence, the channel matrix is expressed as
where Γ t is an N × M matrix with independent and identically distributed complex elements. R v and R r are the transmit and receive correlation matrices, respectively, which are usually modeled with an exponential correlation structure [60] , [61] . The transmit and receive correlation matrices depend on the array spacing at the transmitter and the receiver, and the characteristic distances proportional to the spatial coherence distances at the transmitter and the receiver, respectively. Particularly, the elements of R v and R r are expressed as
Δ r |k −l| for k, l ∈ {1, · · · , N}, respectively, where d v and d r are the corresponding antenna spacings, and Δ v and Δ r are the corresponding characteristic distances. Therefore, the correlation matrix at one end can be locally estimated without any feedback from the other end. On the other hand, Γ t is estimated by the receiver, and then forwarded to the transmitter at the beginning of each 3 In semi-identical channel models, the channel coefficients from different transmit antennas to a common receive antenna at a receiver with multiple antennas are identically distributed, but the coefficients related to different receive antennas are non-identically distributed. Such a model fits into an uplink scenario of a cellular system, e.g., from a handset to a base station, where the antennas on the handset are installed in a small panel and the antennas at the base station are mounted several wavelengths apart from each other [57] . transmission frame. 4 We further know that in practical settings the channel estimation is obtained imperfectly. Therefore, we have
where Γ t is the channel estimate and Γ t is the channel estimation error. Given that the receiver employs MMSE estimator in order to obtain the channel knowledge, we have Γ t and Γ t uncorrelated with each other. Similar to [64] , we further assume that Γ t is a zero-mean process with a known variance at both the transmitter and the receiver. Above,
III. EFFECTIVE CAPACITY
Due to the time-varying nature of wireless channels, it is not very easy to sustain a stable transmission rate. In particular, reliable transmission may not be provided all the time. Therefore, depending on the type of data transmission, delay violation and buffer overflow concerns become critical at the transmitter. Respectively, given a statistical transmission (service) process, how to determine the maximum data arrival rate at the transmitter buffer so that the QoS requirements in the form of limits on delay violation and buffer overflow probabilities can be satisfied is one of the main research questions. In this regard, the effective capacity can be employed as a performance metric. Specifically, the effective capacity identifies the maximum constant data arrival rate at the transmitter buffer that the time-varying transmission process can support under desired QoS constraints [36] .
In Fig. 1 , Q(t) is the number of bits in the data buffer at time instant t and q is the buffer threshold. Now, let Q = Q(t → ∞) be the steady-state queue length and θ be the decay rate of the tail distribution of the queue length, Q. Then, θ is defined as [34, Theorem 3.9]
θ is also called as the QoS exponent. Now, we can easily approximate the buffer overflow probability 5 as Pr(Q ≥ q max ) ≈ e −θq m a x for a large threshold, q max . Here, larger θ implies stricter QoS constraints, whereas smaller θ corresponds to looser constraints. Subsequently, for a given discrete-time, ergodic and stationary stochastic service process, r(t), the effective capacity as a function of the decay rate parameter, θ, is given by [36, 4 Similar to the strategy in [62] - [64] , we assume that the feedback channel is delay-free and error-free. Because we have a block-fading channel, the channel information is valid until the end of the transmission frame. Even if we consider a feedback delay, it will only reduce the time allocated for data transmission. In particular, when the channel feedback arrives after a certain portion of the time frame (T channel uses), i.e., αT for 0 < α < 1, the remaining (1 − α)T will be the time duration for data transmission. Moreover, the reliable feedback can be sustained with strong channel codes. 5 The constraint on the overflow probability can be linked to the constraint on the queuing delay probability. For instance, it has been shown that Pr{D ≥ d m ax } ≤ c Pr{Q ≥ q m ax } for constant arrival rates, where D is the steadystate delay experienced at the buffer, c is a constant, and q m ax = ad m ax , where a is the data arrival rate [65] .
Eq. (11)]
where r(t) is the service rate in the wireless channel at time instant t, τ T t=1 r(t) is the time-accumulated service process, i.e., the total number of bits served from the transmitter in τ T channel uses, and τ ∈ {1, 2, · · · , } is the time frame index. Recall that the encoding and modulation of data and its transmission are performed in frames of T channel uses.
Given the channel estimate, H t , the service rate in one frame can be set to the mutual information between x t and y t , i.e., r(t) = I(x t ; y t | H t ). However, considering the input-output relation (4), it is difficult to evaluate the mutual information in closed-form. Therefore, the service rate in the channel is set to a lower bound on the mutual information by considering the worst-case noise and modeling the estimation error as an additional Gaussian noise vector with zero-mean, independent and identically distributed samples [66] , [67] 
Since the service rate in the channel is smaller than or equal to the mutual information, the reliable transmission is guaranteed. Hence, the service rate is expressed as
where
is the conditional probability density function of y t given x t . For notational convenience in the paper, we use I(x t ; y t ) to refer to the lower bound, I L (x t ; y t | H t ).
Because the channel matrix stays constant during one transmission frame and changes independently 6 from one frame to another, and that the encoding and modulation of the data packets are performed in T channel uses, we can express the normalized effective rate in bits/channel use/receive dimension as
Above, while the receiver has the instantaneous channel estimate, the transmitter has no information regarding the channel matrix. If the transmitter is aware of the channel statistics but not the actual value of H t , then the transmitter sets the input covariance matrix to a value, i.e., K t = K, in order to maximize the effective rate in (7) by considering the QoS constraints and the channel statistics, i.e.,
in bits/channel use/receive dimension. In (8), the covariance matrix, K, depends on the statistics of H t and the worst-case noise, and is independent of its actual realization. On the other hand, if the instantaneous knowledge of H t is available at the transmitter and the receiver, the transmitter can adaptively set the input covariance matrix by considering both the QoS constraints and the instantaneous realization of the channel matrix. 7 Hence, the maximum effective rate, which we call as the effective capacity, in bits/channel use/receive dimension is given as follows:
Here, a key research problem is the optimal selection of the power allocation policy (or input covariance matrix) given the channel matrix and the QoS requirements. In particular, the central question is the following: What is the instantaneous input covariance matrix, K t , that solves (9) given that the channel matrix, H t , is available at the transmitter and the receiver, and that there are certain QoS constraints? In the following theorem, we identify the optimal policy that the transmitter should employ to obtain (9) .
Theorem 1: The input covariance matrix, K t 0, that maximizes the effective capacity given in (9) is the solution of the following equality:
where γ = P σ 2w is the average signal-to-noise ratio at the receiver, λ is the Lagrange multiplier of the constraint tr{K t } ≤ 1,
Proof: See Appendix A.
In (10), both the mutual information and mmse t are functions of the input covariance matrix, K t , and (10) is non-concave over the space spanned by K t [42] , [44] , [45] . Therefore, the solution obtained from (10) is not necessarily unique. On the other hand, we follow a different strategy and start with the singular value decomposition of the channel matrix, i.e.,
where U t and V t are N × N and M × M unitary matrices, respectively, and D t is an N × M matrix with non-negative real numbers on the diagonal, which are the square roots of the non-zero eigenvalues of H t H † t and H † t H t . Then, we re-express the input-output model in (4) as follows:
where y t = U † t y t and x t = V † t x t . The new noise vector is denoted by n t = U † t w t , which is a zero-mean, Gaussian, complex vector with independent and identically distributed elements [2] . and 0 < α < 1.
We further know that I(x t ; y t ) = I( x t ; y t ), because the information regarding H t is available at both the transmitter and the receiver. Now, let K t be the covariance matrix of x t , i.e.,
In particular, if we can find the optimal K t , we can also determine the optimal input covariance matrix, K t . Therefore, we provide the optimal input covariance matrix in the following theorem and show that this is the global solution in its proof. Theorem 2: The input covariance matrix, K t 0, that provides (9) is
given that λ is the Lagrange multiplier associated with
Remark 1: The input covariance matrix, K t , is set according to the channel estimate. However, the constraint tr{K t } ≤ 1 (or M i=1 σ i ≤ 1 in Theorem 2) is independent of the channel estimate. Therefore, the worst-case noise variance, σ 2 w , and hence the signal-to-noise ratio, γ, do not depend on the actual channel estimate.
IV. EFFECTIVE CAPACITY IN ASYMPTOTIC REGIMES
Having obtained the effective capacity and rate expressions, and having characterized the optimal input covariance matrices that maximize the effective capacity performance, we note that due to the complexity in the analytical formulations, it becomes difficult to gain insight on the system performance in general scenarios. On the other hand, asymptotic approaches can help us set the design criteria in certain asymptotic regimes. Therefore, we investigate the effective capacity of MIMO systems in the low signal-to-noise ratio and large-scale antenna regimes. We also note that we drop the time index in the sequel unless otherwise it becomes necessary.
A. Effective Capacity in Low Signal-to-Noise Ratio Regime
In this section, we explore the effective capacity performance of the aforementioned MIMO system with an arbitrary input distribution in the low signal-to-noise ratio regime. In this direction, we determine the minimum energy-per-bit and the slope of the effective capacity versus the energy-per-bit at the minimum energy-per-bit, which are denoted by ζ min and S 0 , respectively. The benefit of the low signal-to-noise ratio analysis is that many battery-driven applications require operations at low energy costs and energy efficiency generally increases with decreasing transmission power when the transmission throughput is a concave 8 function of the transmission power. For this purpose, we start the low signal-to-noise ratio analysis with the following second-order expansion 9 of the effective capacity with respect to the transmission power, P , at P = 0:
whereĊ E (θ, 0) andC E (θ, 0) are, respectively, the first and second derivatives of the effective capacity with respect to P at P = 0. Note that we express the effective capacity as a function of θ and P . Now, let ζ = P C E (θ,P ) denote the energy-per-bit required for given θ and P . Following [68, Proposition 1], we can show that the effective capacity is concave in the space spanned by P . 10 Thus, we can obtain the minimum energy-per-bit when the transmission power goes to zero, i.e., P → 0, as follows:
Moreover, considering the result in [16, Eq. (29) ], we can show the slope of the effective capacity versus ζ (in dB) curve at ζ min as S 0 = lim ζ ↓ζ min C E (ζ) 10 log 10 ζ − 10 log 10 ζ min 10 log 10 2,
where C E (ζ) is the effective capacity as a function of the energyper-bit, ζ, and ζ min is the minimum energy-per-bit and obtained when the transmission power goes to zero, i.e., P → 0. Above, ζ ↓ ζ min indicates the limit when the value of ζ is reduced and approaches ζ min . Using the first and second derivatives [16, Th. 9], we can express the slope in bits/channel use/(3 dB)/receive antenna as
Accordingly, having ζ min and S 0 , we can form a linear approximation of C E (ζ) in the low signal-to-noise ratio regime. In order to better understand the effective capacity performance in the low signal-to-noise ratio regime, we provide the following theorem. 8 It is known that the minimum energy-per-bit is obtained as the signal-tonoise ratio goes to zero [16] . In our model, the signal-to-noise ratio, γ = P σ 2w , goes to zero with the transmission power going to zero. 9 We utilize the Taylor series representation of the effective capacity with respect to P at P = 0. 10 It is sufficient to prove the concavity of the lower bound on the mutual information over the space spanned by the transmission power P , because the signal-to-noise ratio is an increasing function of the transmission power. The concavity of the same lower bound on the mutual information is also shown in [62, Eq. 16] when the channel input is Gaussian distributed.
Theorem 3: The first derivative of the effective capacity in (9) with respect to P at P = 0 is given aṡ
and the second derivative of the effective capacity with respect to P at P = 0 is given as
where λ max ( H † H) in (17) and (18) is the maximum eigenvalue of H † H and l in (18) is the multiplicity of λ max ( H † H). Above,
Remark 2: The first and second derivatives of the effective capacity,Ċ E (θ, 0) andC E (θ, 0), respectively, are independent of the input distribution. Particularly, the minimum energy-perbit, ζ min , and the slope of the effective capacity versus ζ (in dB) curve at ζ min , S 0 , are not functions of x and/or its probability density function. Additionally, our results also confirm the findings in [37] , where the effective capacity of MIMO systems are investigated when the input is Gaussian distributed and the channel is perfectly known at both the transmitter and receiver.
Remark 3: As also detailed in the proof in Appendix C, the minimum energy-per-bit is achieved by allocating data power in the direction of the eigenspace of the maximum eigenvalue of H † H.
Remark 4: The minimum energy-per-bit, ζ min , does not change with increasing or decreasing QoS constraints or the channel estimation error, while the slope of the effective capacity at ζ min , S 0 , is a function of both the exponential decay rate parameter, θ, and the estimation error variance, σ 2 e . With increasing σ 2 e , the slope decreases. Remark 5: The aforementioned minimum energy-per-bit and slope are acquired given the fact that the input vector, x, is complex. On the other hand, when the modulation is performed over the real axis of the constellation only, e.g., binary phaseshift keying (BPSK) and M -pulse-amplitude-modulation, the minimum energy-per-bit stays the same because the first derivative does not change, but the slope becomes half of the slope achieved with a complex modulation because the second derivative is the double of the second derivative in the case of a complex modulation [49] .
B. Effective Capacity in Large-Scale Antenna Regime
With the increasing number of antennas the transmitters and the receivers are equipped with, there are more communication pathways and increased transmission link reliability. One more advantage of employing many antennas is the energy efficiency, due to the fundamental principle that with a large number of antennas, energy can be focused with extreme sharpness onto small regions in space [24] . Therefore, in this section, we turn our attention to analyzing the system performance in the large-scale antenna regime. Principally, we obtain the effective capacity while the number of transmit or/and receive antennas goes to infinity.
In particular, we are interested in the effective capacity given in (9) when both M and N approach, or either M or N approaches, infinity, i.e., lim M and/or N →∞
The following theorem provides a significant property of C ∞ E (θ, P ), which follows from the increase in the number of antennas at the transmitter and/or the receiver.
Theorem 4: For the MIMO system described in (4), the effective capacity, C ∞ E (θ, P ) defined in (19) , is independent of the QoS exponent, θ, and approaches the average transmission rate, i.e.,
where r is the service rate defined in (6) .
Proof: See Appendix D.
Remark 6: Note that N × C E (θ, γ) indicates the throughput level the wireless channel can support under given QoS and transmission power constraints, and that E{r} is the average service rate in the wireless channel in one channel use. Since N × C E (θ, γ) ≤ E{r} for any θ, the transmitter cannot accept data to its buffer at a rate more than the effective capacity, N × C E (θ, γ), due to the delay violation and buffer overflow constraints even though the average service rate in the channel is higher. Therefore, the link utilization, which is defined to be the ratio of the data flow rate to a link to the link capacity [69, Ch. 5] and [70, Ch. 16] , decreases with increasing QoS constraints. We can consider the effective capacity as the maximum data flow rate and the channel throughput as the link capacity. Herein, Theorem 4 states that the maximum link utilization can be achieved under QoS constraints by increasing the number of antennas.
Remark 7: As made clear in the proof of Theorem 4, the knowledge of the channel realizations is not necessary at the transmitter side to achieve the transmission rate given in (20) when the number of transmit and/or receive antennas becomes larger. Indeed, the statistical information regarding the channel matrix, H, is sufficient.
Example 1: Let us assume that the channel is perfectly known and that the channel coefficients {h nm (t)} are zeromean, independent and identically distributed with finite variance σ 2 h , i.e., E{|h nm | 2 } = σ 2 h . When the number of antennas is going to infinity, the minimum energy-per-bit defined in (14) , ζ min , and the slope of the effective capacity versus ζ curve at ζ min defined in (15) 
respectively.
V. NON-ASYMPTOTIC PERFORMANCE ANALYSIS
So far, we have investigated the throughput and energy efficiency of the aforementioned MIMO systems in two different asymptotic regimes by employing the effective capacity, which is also an asymptotic measure in time. Nevertheless, non-asymptotic performance bounds regarding the statistical characterizations of buffer overflow and queueing delay are of importance for practical research agendas. Therefore, we benefit from the tools of the stochastic network calculus [71] - [73] , and provide a statistical bound on the buffer overflow and queueing delay probabilities by utilizing the effective capacity.
Recall that the transmission of a packet is performed over a block duration of T channel uses and the transmission rate in the channel during one transmission block is constant. Now, let us define s(i) as the total number of bits transmitted (served) in the ith transmission block. Subsequently, considering the normalized effective rate for the input covariance matrix given in (7) , R E (θ), and following the setting in [73, Definition 7.2.1], we define a statistical affine bound for the aforementioned channel model for any decay rate value, θ, as follows:
where S(i, j) = j l=i+1 s(l), and σ R (θ) is a slack term that defines an initial transmission delay. Due to −θ, the expression in (29) is in fact a lower bound on the expected amount of the transmitted data in the channel. Subsequently, noting Chernoff's lower bound Pr{X ≤ x} ≤ e θx E{e −θX } for θ ≥ 0, we have the exponentially bounded fluctuation model described in [74] with parameters R E (θ) > 0 and b ≥ 0 as
where ε(b) = e θσ R (θ ) e −θb is a specific exponentially decaying deficit profile of the amount of the transmitted data in the channel. Now, using the union bound, we express the sample path guarantee as follows: (30) and NT R E (θ) = NT R E (θ) − δ with a free parameter 0 < δ ≤ NT R E (θ) − T a for a constant data arrival rate at the transmitter buffer, i.e., a bits/channel use. For a more detailed derivation, we refer to [73] . We also refer to [75] , where capacity-delay-error boundaries are provisioned as performance models for networked sources and systems. Exclusively, the backlog at the transmitter buffer with the constant data arrival rate a, i.e.,
has a statistical bound 
is valid for all j. Accordingly, we can express the delay bound Pr{D(j) > d} with d = q a , which is expressed in channel use. In other words, (31) provides us the initial latency caused by the variations in the transmission. Finally, we can express b by inversion of (30) for any given ε as
As for the existence of the slack term in (32) , we refer to the following Lemma.
VI. NUMERICAL RESULTS
In this section, we substantiate our analytical results through numerical analysis. We initially assume that the channel is perfectly known at both the transmitter and receiver, and that the channel coefficients are uncorrelated, i.e., R r = I N and R t = I M . In addition, we consider a Rayleigh fading channel model, where the components of the channel matrix, H, are independent and identically distributed, zero-mean, unit variance (σ 2 h = 1), circularly symmetric Gaussian random variables, i.e., {h nm } ∼ CN (0, 1) for n ∈ {1, · · · , N} and m ∈ {1, · · · , M}. In addition, we set the noise power to σ 2 w = 1. Thus, the signalto-noise ratio is same with the transmission power, i.e., γ = P . Moreover, for the sake of simplicity, we set the number of channel uses in one transmission frame to 1, i.e., T = 1. Initially, we plot the effective capacity of the MIMO system as a function of the signal-to-noise ratio, γ, for different numbers of receive antennas, N , in Fig. 2 when the number of transmit antennas and the queue decay rate are set to 2 and 1, i.e., M = 2 and θ = 1, respectively. We employ BPSK in Fig. 2(a) and 4-quadrature amplitude modulation (4-QAM) in Fig. 2(b) . This transmission scenario with 2 transmit antennas and many receive antennas can be considered as an uplink communication channel. We obtain the optimal input covariance matrix (i.e., optimal power allocation across the transmit antennas) and compare the effective capacity performance with the ones obtained when the input covariance matrix is diagonal (i.e., equal power allocation across the transmit antennas, where K = 1 M I). We clearly observe that the performance gap decreases with the increasing number of the receive antennas. In particular, given that BPSK and 4-QAM are employed, it is not very necessary to perform power optimization across the transmit antennas when the delay concerns are of importance. With the increasing number of antennas, the channel behaves almost deterministic and non-fading. In other words, the statistical dispersion index (Fano factor) of the channel service rates, i.e., a normalized measure of the dispersion of a probability distribution [77] , approaches zero. The key point behind this behavior is the self-averaging property that we use to prove Theorem 4, and it shows that the so-called free energy converges in probability to its expectation over the distribution of the channel matrix in the large-antenna regime. Moreover, we see that because the number of bits that can be transmitted in one modulated symbol is limited (i.e., 1 bit with BPSK and 2 bits with 4-QAM, and hence 2 and 4 bits in total with 2 transmit antennas), when γ is higher we can send the data by employing equal power allocation across the transmit antennas. Regarding the system performance when the QoS metrics are of importance, we plot the effective capacity as a function of θ in Fig. 3 by employing BPSK and setting γ = 0 dB. With increasing θ, the effective capacity performance decreases and approaches zero. The effective capacity goes to the average transmission rate in the channel with decreasing θ. Moreover, the performance gain by employing power optimization is again not significant when the number of receive antennas is higher.
Employing the equal power allocation policy, we plot the effective capacity as a function of γ when the number of transmit antennas is fixed to 1 for different number of receive antennas in Fig. 4(a) and when the number of receive antennas is fixed to 1 for different number of transmit antennas in Fig. 4(b) . The input data is BPSK-modulated. In order to understand the system behavior under strict QoS constraints, we set θ = 5. Again, we can refer to the scenario in Fig. 4(a) as an uplink scenario and the scenario in Fig. 4(b) as a down-link scenario. We observe that increasing the number of the receive antennas while keeping the number of transmit antennas constant boosts the effective capacity performance when the signal-to-noise ratio is small as seen in Fig. 4(a) . On the other hand, increasing the number of transmit antennas while keeping the number of receive antennas fixed does not provide a performance increase when the delay violation and buffer overflow concerns are present as seen in Fig. 4(b) . The reason behind this is the fact that increasing the number of receive antennas provides more power gain 11 [78, Chapter 8] . Subsequently, regarding the system performance with different modulation techniques, we again plot the effective capacity as a function of γ in Fig. 5 when we have BPSK, 4-QAM, 16-QAM and Gaussian signaling for θ = 1. We set the number of transmit and receive antennas as M = 1 and N = 16 in Fig. 5(a) and M = 16 and N = 1 in Fig. 5(b) . Likewise, the former scenario can be considered as an uplink transmission and the latter can be considered as a down-link transmission. Regardless of the modulation technique, increasing the number of receive antennas helps improve the system performance more than increasing the number of transmit antennas does under the same conditions. As for the system performance in the low signal-to-noise ratio regime, we plot the effective capacity as a function of the energy-per-bit, ζ, for different numbers of transmit and receive antennas in Fig. 6 by employing optimal power allocation policy when θ = 1. We have the results for different number of receive antennas when the number of transmit antennas is set to 1, i.e., M = 1, in Fig. 6(a) , and for different number of transmit antennas when the number of receive antennas is set to 1, i.e., N = 1, in Fig. 6(b) . We plot the effective capacity in bits/channel use/dimension. The minimum energy-per-bit, ζ min , decreases with the increasing number of transmit antennas, whereas it is independent of the number of receive antennas given that the number of transmit antennas is fixed. This observation verifies our analytical derivation in (24) , which provides us the minimum energy-per-bit when either the number of transmit antennas or the number of receive antennas goes to infinity, or both go to infinity. In addition, we again plot the effective capacity as a function of ζ and compare the system performance when different modulation techniques are employed. In Fig. 7 (a) and 7(b), we set the number of antennas as follows: M = 1 and N = 16, and M = 16 and N = 1, respectively. In both figures, the minimum energy-per-bit, ζ min , is independent of the input modulation. We also note that the slope of the effective capacity versus ζ curve at ζ min , S 0 , when BPSK is employed is half of the slope when the other modulation techniques are employed, which are formed in the complex domain. Theorem 3 shows that the slope of the effective capacity versus ζ (in dB) curve at ζ min , i.e., S 0 , decreases with the decreasing channel estimation quality. Hence, we plot S 0 as a function of the additive Gaussian noise variance, σ 2 e , for different number of receive antennas in Fig. 8(a) and for different number of transmit antennas in Fig. 8(b) . The results confirm that the slope decreases with the decreasing estimation quality. In other words, the effective capacity increases slowly with the increasing transmission power in the low signal-to-noise ratio regime. Moreover, the decreasing estimation quality affects the effective capacity with the increasing number of receive antennas less than the increasing number of transmit antennas. In addition, we display the system performance in the large-scale antenna regime. Hence, by setting θ = 5 and γ = 0 dB and by employing the equal power allocation policy, we plot the link utilization as a function of the number of receive antennas in Fig. 9 (a) and the number of transmit antennas in Fig. 9(b) . And then, we compare the system performance by having different modulation techniques. Recall that we define the link utilization as the ratio of the effective capacity to the average transmission rate. The fact that the link utilization approaches one with the increasing number of receive or transmit antennas justifies the result in Theorem 4. The link utilization reaches 1 faster with the increasing number of receive antennas than it does with the increasing number of transmit antennas. In addition, the link utilization is higher when BPSK is employed than it is when the others are employed, while it is lower when Gaussian distributed input is employed than it is when the others are employed. This is because the scattering of the probability of the achievable transmission rates in the channel is reduced when BPSK is employed and the scattering increases with the complexity of the modulation technique [40] .
Finally, we display the non-asymptotic performance of an uplink MIMO scenario when the number of receive antennas is N = 16 and the number of transmit antennas is M = 1, where we employ the equal power allocation policy. Here, we set the delay violation probability to ε = 10 −6 when γ = 0 dB and T = 10 −7 seconds. We plot the delay bound as a function of the data arrival rate when the transmitted data is modulated with BPSK and Gaussian input signaling in Fig. 10 (a) and 10(b), respectively. We observe that Gaussian distributed input provides lower delay bounds for a given delay violation probability than BPSK-modulated input does. We further see that the delay bound goes to infinity when the data arrival rate approaches the average transmission rate in the channel. In addition, the number of receive antennas affects the transmission performance by decreasing the delay bound for a given delay violation probability. However, after a certain value, increasing the number of receive antennas does not contribute to the delay performance. 
VII. CONCLUSION
We have studied the throughput and energy efficiency in a general class of MIMO systems with arbitrary inputs when they are subject to statistical QoS constraints, which are imposed as bounds on the delay violation and buffer overflow probabilities. Adopting the effective capacity as the performance metric, we have obtained the optimal power allocation policies across transmit antennas when there is a short-term average power constraint. Moreover, we have analyzed the system performance in the low signal-to-noise ratio and large-scale antenna regimes. We have attained the first and second derivatives of the effective capacity when the signal-to-noise ratio approaches zero. Using these characterizations, we have revealed that the minimum energy-per-bit does not depend on the input distribution and the QoS constraints but the slope does. In the large-scale antenna regime, we have identified that the gap between the effective capacity and the average transmission rate in the channel decreases with the increasing number of antennas. We have also invoked non-asymptotic performance measures by employing the effective capacity in backlog and delay violation bounds.
APPENDIX

A. Proof of Theorem 1
Note that the logarithm in (9) is a monotonic function of I(x t ; y t ). Hence, we can write the optimization problem as
such that tr{K t } ≤ 1 and K t 0.
Subsequently, we form the Lagrange function as
where λ and Φ 0 are the Lagrange multipliers to the problem constraints. Then, evaluating its gradient with respect to K t , we obtain
where λ(1 − tr{K t }) = 0 for λ ≥ 0, and tr{ΦK t } = 0 for Φ 0 and K t 0. Moreover, we know from [51, Eq. (25) ] that
should have K t = Σ t , which is an N × M diagonal matrix with non-negative elements,
. Consequently, the optimization problem becomes
Herein, we benefit from the fact that the trace of a matrix is the sum of its eigenvalues and the fact that K t and K t have the same eigenvalues because V t is a unitary matrix. Subsequently, forming the Lagrange function as
where λ and Φ 0 are the Lagrange multipliers associated with the problem constraints, and taking its derivatives with respect
where x t (i) and y t (i) are the i th elements of x t and y t , respectively, and φ(i, i) is the i th diagonal element of Φ.
Since tr{ΦΣ} = 0, we have φ(i, i) = 0. Moreover, using [51, Eq. (25) ], we show that ∂ I( x t (i); y t (i))
given σ t (i) ≥ 0, we have the optimal σ t (i) as the solution of the following:
If the solution in (40) is negative, we set σ t (i) = 0. We further note that e −θT I( x t ; y t ) and mmse t (i) are convex and monotonically decreasing functions of σ t (i). Therefore, the righthand-side of (40) is also a convex function of σ t (i) and it is monotonically decreasing. Hence, it provides a unique and global solution.
C. Proof of Theorem 3
The first derivative of the effective rate in (7), R E (θ, P ), with respect to the transmission power, P , when P approaches 0, iṡ
where I(P ) andİ(P ) are the mutual information and its derivative, respectively, as a function of P . Noting the worst-case noise assumption, we can re-express (4) as follows:
where n t has zero-mean and unit-variance Gaussian random elements. Because H t and H t , and hence n t , are uncorrelated, we can see that the channel model in (42) is similar to the channel model described in [79, Eq. 7] . Therefore, the lower bound on the mutual information in the low signal-to-noise ratio regime,
i.e., as P → 0, is expressed as [79, Eq. 64]
Then, the first derivative of I(x t ; y t ) with respect to P in the low signal-to-noise ratio regime becomeṡ
Then, we can re-write (41) aṡ
We can easily observe that I(P ) = 0 when P = 0, and hence e −θT I(γ ) = 1 in (41) . Moreover, since the input covariance matrix, K, is a positive semi-definite Hermitian matrix, we can express K as [80] 
where U is the unitary matrix and Σ is the diagonal matrix. The unitary matrix is formed by the set of the eigenvectors of K, i.e., U = [u 1 , · · · , u M ], and the diagonal matrix is composed of the eigenvalues of K corresponding to its eigenvectors, i.e., Σ = diag{σ 1 , · · · , σ M }. Moreover, the eigenvectors form an orthonormal space, i.e., u † i u j = 1 for i = j and u † i u i = 0 for i = j, and eigenvalues are greater than or equal to zero, i.e., σ i ≥ 0. Here, we assume that the system uses all the available energy for transmission, i.e., tr{K} = 1, and hence, we have M i=1 σ i = 1. Now, we have the following: (50) can be achieved by choosing the normalized input covariance matrix as K = u max u † max and u max is the unit eigenvector of H † H that corresponds to the maximum eigenvalue of H † H. This completes the first part of the proof.
The second derivative of the effective rate in (7), R E (θ, P ), with respect to the transmission power, P , when P approaches 
whereÏ(P ) is the second derivative of the lower bound on the mutual information with respect to P . From (43) 
Now, let l be the multiplicity of λ max ( H † H). Hence, we can re-express K as follows: 
Above, (55) comes from the fact that tr{AB} = tr{BA}, where A and B are matrices. Moreover, since u † i H † Hu j and u † j H † Hu i are the complex conjugates of each other, we have the result in (56) . Noting that u i and u j are orthonormal to each other, i.e., u † i u j = 0 given i = j and u † i u j = 1 given i = j, we have (57) . Moreover, we know that λ 2 max ( H † H) = u † i H † Hu i . Subsequently, we have (58) . Finally, l i σ 2 i is minimized when σ i = 1 l . Therefore, we have the lower bound in (59) . As a result, the second derivative of the effective rate,R(θ, P ), when P diminishes to zero, is upperbounded as follows: (θ, 0) , which completes the second part of the proof.
D. Proof of Theorem 4
Given an input covariance matrix, K, the instantaneous mutual information between the channel input and output, defined in (6) 
Now, by inserting (60) into (7) and taking the limit when M goes to infinity, we can write the effective rate as follows: 
